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ABSTRACT Understandingtheinteractionsamongdifferentspeciesandtheirresponsestoenvironmentalchanges,suchasele-
vatedatmosphericconcentrationsofCO2,isacentralgoalinecologybutispoorlyunderstoodinmicrobialecology.Herewe
describeanovelrandommatrixtheory(RMT)-basedconceptualframeworktodiscernphylogeneticmolecularecologicalnet-
worksusingmetagenomicsequencingdataof16SrRNAgenesfromgrasslandsoilmicrobialcommunities,whichweresampled
fromalong-termfree-airCO2enrichmentexperimentalfacilityattheCedarCreekEcosystemScienceReserveinMinnesota.
OurexperimentalresultsdemonstratedthatanRMT-basednetworkapproachisveryusefulindelineatingphylogeneticmolecu-
larecologicalnetworksofmicrobialcommunitiesbasedonhigh-throughputmetagenomicsequencingdata.Thestructureofthe
identiﬁednetworksunderambientandelevatedCO2levelswassubstantiallydifferentintermsofoverallnetworktopology,net-
workcomposition,nodeoverlap,modulepreservation,module-basedhigher-orderorganization,topologicalrolesofindividual
nodes,andnetworkhubs,suggestingthatthenetworkinteractionsamongdifferentphylogeneticgroups/populationswere
markedlychanged.Also,thechangesinnetworkstructureweresigniﬁcantlycorrelatedwithsoilcarbonandnitrogencontents,
indicatingthepotentialimportanceofnetworkinteractionsinecosystemfunctioning.Inaddition,basedonnetworktopology,
microbialpopulationspotentiallymostimportanttocommunitystructureandecosystemfunctioningcanbediscerned.The
novelapproachdescribedinthisstudyisimportantnotonlyforresearchonbiodiversity,microbialecology,andsystemsmicro-
biologybutalsoformicrobialcommunitystudiesinhumanhealth,globalchange,andenvironmentalmanagement.
IMPORTANCE Theinteractionsamongdifferentmicrobialpopulationsinacommunityplaycriticalrolesindeterminingecosys-
temfunctioning,butverylittleisknownaboutthenetworkinteractionsinamicrobialcommunity,owingtothelackofappro-
priateexperimentaldataandcomputationalanalytictools.High-throughputmetagenomictechnologiescanrapidlyproducea
massiveamountofdata,butoneofthegreatestdifﬁcultiesisdecidinghowtoextract,analyze,synthesize,andtransformsucha
vastamountofinformationintobiologicalknowledge.Thisstudyprovidesanovelconceptualframeworktoidentifymicrobial
interactionsandkeypopulationsbasedonhigh-throughputmetagenomicsequencingdata.Thisstudyisamongtheﬁrsttodoc-
umentthatthenetworkinteractionsamongdifferentphylogeneticpopulationsinsoilmicrobialcommunitiesweresubstantially
changedbyaglobalchangesuchasanelevatedCO2level.Theframeworkdevelopedwillallowmicrobiologiststoaddressre-
searchquestionswhichcouldnotbeapproachedpreviously,andhence,itcouldrepresentanewdirectioninmicrobialecology
research.
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T
he global atmospheric concentration of CO2 has increased by
more than 30% since the industrial revolution due to fossil
fuel combustion and land use changes (1). Many previous studies
demonstrated that elevated CO2 (eCO2) stimulates plant growth
and primary productivity (2–4), but the inﬂuences of eCO2 on
belowground microbial communities are poorly understood and
controversial (5–8). It is expected that eCO2 will alter microbial
community composition and structure by increasing soil carbon
input from plants and modifying soil chemical compositions (9).
Recently, using metagenomic technologies, including high-
throughput sequencing, functional gene microarrays, and 16S
rRNA gene-based phylogenetic arrays, we found that the phylo-
genetic and functional structure of soil microbial communities
was substantially altered by eCO2 (10). However, it is less clear
whether eCO2 also alters interactions among different microbial
phylogenetic groups/populations.
Biodiversity includes not only the number of species and their
abundancebutalsothecomplexinteractionsamongdifferentspe-
cies (11). Within habitats, various biological species/populations
interact with each other through the ﬂow of energy, matter, and
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plaining and predicting such interactive network structures, dy-
namics, and the underlying mechanisms are essential parts of any
studyofbiodiversity,andhence,ecologicalnetworksofbiological
communities have received great attention in plant and animal
ecology (12–15) but only very recently in microbial ecology (16,
17).However,determiningnetworkstructuresandtheirrelation-
ships to environmental changes in microbial communities is a
signiﬁcant challenge (18). The availability of massive,
community-wide, replicated metagenomic data under different
environmental conditions provides an unprecedented opportu-
nitytoanalyzethenetworkinteractionsinamicrobialcommunity
(17). Recently, we developed the random matrix theory (RMT)-
based approach to delineate the network interactions among dif-
ferent microbial functional groups/populations based on
GeoChip hybridization data (18). Our results indicated that the
RMT-based network approach is very useful in deﬁning the net-
workinteractionsamongdifferentfunctionalgroups/populations
with GeoChip hybridization data. Our results also revealed that
eCO2 has signiﬁcant impacts on network interactions among dif-
ferentmicrobialfunctionalgroups/populations(18).However,its
suitability for dealing with next-generation sequencing data re-
mains unclear.
The objective of this study is to develop a novel RMT-based
bioinformatic approach to deﬁne and characterize ecological net-
works in microbial communities based on high-throughput met-
agenomic sequencing data. We will focus on the following two
questions.(i)Howarephylogeneticecologicalnetworksinmicro-
bial communities determined based on metagenomic sequencing
data, and (ii) do human-induced factors, such as eCO2, have an
impact on the network structure of different phylogenetic groups
in microbial communities? We hypothesize that the RMT-based
network approach will be powerful in delineating phylogenetic
molecular ecological networks (pMENs) in microbial communi-
ties using high-throughput sequencing data and that eCO2 will
dramatically alter the network interactions among different phy-
logenetic groups/populations. We tested these hypotheses with
the experimental data from microbial communities under both
ambient CO2 (aCO2) and eCO2 in a long-term free-air carbon
dioxide enrichment experimental facility at the Cedar Creek Eco-
system Science Reserve in Minnesota (4, 19). This facility was
designed to examine the interactive effects of multiple climate
factors, e.g., biodiversity, CO2, and nitrogen deposition (Biocon),
on grassland ecosystems.
RESULTS
pMENs. An ecological network is a representation of various bi-
ological interactions (e.g., predation, competition, and mutual-
isms) in an ecosystem in which species (nodes) are connected by
pairwise interactions (links) (12, 20–23). Since microorganisms
are invisible to the naked eye and the majority of them are not yet
cultivated, their detection often relies on molecular markers, in-
cluding rRNA genes, various functional genes (e.g., nifH, amoA,
nirS, and dsrA), and intergenic regions. The abundance of each
genemarkerinasampleisoftendeterminedbasedonthenumber
ofsequences,hybridizationsignalintensity,orPCRampliﬁcation
band intensity. The gene richness and abundance determined are
then used to describe the compositions and structures of micro-
bial communities of interest. Based on such experimental data, a
network graph can be constructed to illustrate the ecological in-
teractions (edges) of different gene markers/populations (nodes)
inamicrobialcommunity(16).Werefertosuchanetworkgraph
as an ecological network in general. As a result, an ecological net-
work generated from a microbial community is actually based on
individual genes rather than individual species. As previously de-
scribed, we refer to such molecule-based ecological networks in
microbialcommunitiesasmolecularecologicalnetworks(MENs)
(18)inwhichdifferentnodesarelinkedbylines(i.e.,interactions)
and to the MENs derived from phylogenetic gene markers as
pMENs (18).
RMT-based approach for pMEN construction. Based on a
modiﬁcation of the previous procedure for constructing func-
tional MENs (fMENs) (18), the framework for constructing
pMENs can be divided into nine key steps, which include metag-
enomic sequence collection, data standardization, Pearson corre-
lation estimation, adjacency matrix determination by an RMT-
based approach, network characterization, module detection,
eigengenenetworkanalysis,networkcomparison,andassociation
ofnetworkpropertieswithecologicalfunctionaltraits(18).Eigen-
geneanalysisisimportantforrevealinghigher-orderorganization
and identifying key populations based on network topology (24–
26).
Basedontheadjacencymatrix,anetworkgraphisconstructed
to represent positive or negative interactions among different op-
erationaltaxonomicunits(OTUs).Sincethepairwisecorrelations
ofOTUabundanceacrossdifferentsamplesareusedtodeﬁnethe
adjacency matrix, the pMENs constructed here, in fact, describe
the co-occurrence of OTUs across different samples. Thus, posi-
tive interactions (positive correlations) indicate that the abun-
dance of OTUs changes along the same trend, whereas negative
interactions (negative correlations) signify that the abundance of
OTUs changes in the opposite direction.
pMENs in grassland soil microbial communities. We ana-
lyzed the phylogenetic diversity data of grassland soil microbial
communities under aCO2 and eCO2 (10) using the RMT-based
network method. The phylogenetic diversity of these communi-
ties(12replicatesampleseachfromaCO2andeCO2,respectively)
was determined by barcode-based amplicon pyrosequencing of
16SrRNAgenes(10).Afterdatapreprocessing,343and358OTUs
remained in the eCO2 and aCO2 data sets, respectively (Table 1).
Following the RMT-based network analysis outlined above, very
close similarity thresholds (st) were obtained for eCO2 (0.78) and
aCO2(0.77)(Table1).Applyingthesethresholds,twonetworksof
similar sizes for eCO2 (263 nodes) and aCO2 (292 nodes) were
constructed (Table 1).
General features of many complex networks are scale free,
small world, modular, and hierarchical (27–29). Four commonly
usedcomplementarynetworkindexescanbeusedtodescribenet-
work difference: (i) connectivity or degree of distribution, which
is the number of links of a node to other nodes; (ii) geodesic
distance or path length, which is the shortest path between two
nodes; (iii) the clustering coefﬁcient, which describes how well a
node is connected with its neighbors; and (iv) modularity, which
measures the degree to which the network was organized into
clearly delimited modules. For the ﬁrst three indexes, the means
over a number of nodes can be calculated to describe the overall
features of the entire network.
Thedegreesofdistribution(i.e.,connectivity)inallofthecon-
structed pMENs were ﬁtted with three models: (i) power law
(scalefree),(ii)truncatedpowerlaw(broadscale),and(iii)expo-
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though the degrees of distribution ﬁt well with all three models,
truncatedpowerlawhadthebestﬁt,withdeterminantcoefﬁcients
of0.97and0.98foreCO2andaCO2,respectively(seeFig.S1inthe
supplemental material), which are consistent with many mutual-
istic ecological networks (30). Also, signiﬁcant differences be-
tween these two pMENs and their corresponding random net-
works with identical network sizes and average numbers of links
were observed in terms of the average geodesic distance, average
clustering coefﬁcient, and modularity (Table 1). These network
propertieswerecomparabletothoseofothernetworksdisplaying
small-world behavior (31), indicating that the pMENs obtained
possessed typical small-world characteristics. All of the above re-
sults suggest that, similar to other complex systems, the con-
structedpMENsappearedtobe,atleastapproximately,scalefree,
small world, and modular.
TheoverallnetworkstructureofpMENsisnotpreservedun-
der aCO2 and eCO2. Although the network sizes of the pMENs
obtainedwereverysimilarundereCO2andaCO2,substantialdif-
ferences were observed in terms of network composition. These
two pMENs shared 44.5% (171) of their nodes, but all of the
sharedOTUsshowednosigniﬁcantcorrelationsoftheconnectiv-
ityvalues(r0.123,P0.109).Inaddition,theaveragegeodesic
distance,averageclusteringcoefﬁcient,andmodularity(aswellas
many other network parameters) of these pMENs were signiﬁ-
cantly different between aCO2 and eCO2 (Table 1). These results
indicated that the network composition and structure were not
conserved between eCO2 and aCO2.
Themajorityofthenodesinthesetwonetworksbelongedto10
phyla, but their distribution varied substantially among different
phylogenetic groups (see Fig. S2 in the supplemental material).
Among them, Actinobacteria, Alphaproteobacteria, and Acidobac-
teria were more dominant (Table S1; Fig. S2). Also, for most phy-
logenetic groups, the relative proportions of OTUs were not ob-
viouslydifferentundereCO2andaCO2.However,undereCO2the
relative proportions of Acidobacteria in the network decreased
considerably, while the percentages of Alphaproteobacteria, Beta-
proteobacteria, and Bacteriodetes increased substantially (Fig. S2).
In addition, eCO2 had differential impacts on the network struc-
tures of different phylogenetic groups. Two typical examples are
related to Actinobacteria and Verrucomicrobia, the former of
which plays an important role in the decomposition of organic
materials and the production of secondary metabolites with very
diverse physiology, but the physiological and ecological roles of
the latter are not well known. The top 10 Actinobacteria OTUs
under eCO2 (Fig. 1A) had more complex interactions than their
corresponding OTUs under aCO2 (Fig. 1B), while Verrucomicro-
bia had much less complex interactions under eCO2 (see Fig. S3B
in the supplemental material) than under aCO2 (Fig. S3A). It ap-
pearsthateCO2selectedforActinobacteriabutagainstVerrucomi-
crobia. Altogether, the above results suggested that the interac-
tions among different microbial taxa in the grassland microbial
communitiesweresubstantiallychangedbyeCO2.However,such
impacts varied considerably among different microbial groups.
Modules of the pMENs under aCO2 and eCO2 are even less
preserved. In the pMENs examined here, a module is a group of
OTUs which are well connected among themselves but are less
linked with OTUs belonging to other modules. A module in a
pMEN could indicate that the microbial populations within it
may have similar ecological niches. In this study, modules were
detected by fast greedy modularity optimization (32). While a
totalof11moduleswith5nodeswereobtainedforthenetworks
under eCO2, the pMEN under aCO2 had 14 modules with 5
nodes (see Fig. S4A and C in the supplemental material). The
module sizes varied considerably, ranging from 5 to 39 nodes
(Fig. S4B and D).
DistinctindividualmoduleswereobservedforthepMENsun-
der eCO2 (Fig. S4A) and aCO2 (Fig. S4C). It appears that the
relationships between phylogenetic relatedness and ecological re-
latedness are complicated, depending on individual microbial
groups, as well as environmental conditions (16). For instance,
most of the members of Verrucomicrobia, a recently described
phylum of abundant soil bacteria with a few described species,
were found to be in the same module (9 of 12 OTUs) under aCO2
(moduleA13,orange,Fig.S4C)and7of9werefoundtobeinthe
samemoduleundereCO2(moduleE9,orange,Fig.S4A).Also,the
interactions among them (26 and 13 links for aCO2 and eCO2)i n
this network were far more signiﬁcant (P  0.01) than those (14
and 5 links) predicted by chance based on their corresponding
random networks. These results suggested that these Verrucomi-
crobia might have similar ecological niches. However, the Actino-
bacteria under both aCO2 (81 nodes) and eCO2 (76 nodes) were
spread over all major modules (Fig. S4A and C, green), consistent
withthefactthatthisgroupofbacteriahasverydiversephysiology
and could occupy different ecological niches. Furthermore, many
of the actinobacterial OTUs are very closely related phylogeneti-
cally, each with unique combinations of relationships to other
microorganisms and network parameters (data not shown), indi-
cating that they could represent different “ecological species” or
ecotypes (16) at this site.
Since the node composition is substantially different among
different modules under eCO2 and aCO2, Fisher’s exact test was
TABLE 1 Topological properties of the empirical pMENs of microbial communities under eCO2 and aCO2 and their associated random pMENs
Condition
Empirical networks Random networksc
No. of
original
OTUsa st
Network
sizeb
Avg
connectivity
Avg
geodesic
distance
Avg
clustering
coefﬁcient
Modularity
(no. of
modules)
Avg
geodesic
distance
 SD
Avg
clustering
coefﬁcient
 SD
Avg
modularity
 SD
eCO2 343 0.78 263 3.10 3.95d 0.25d 0.81d (34) 3.98  0.22 0.015  0.006 0.61  0.02
aCO2 358 0.77 292 3.06 4.26d 0.27d 0.85d (36) 4.10  0.20 0.017  0.005 0.59  0.01
a The number of OTUs was originally used for network construction by the RMT-based network approach.
b The number of OTUs (i.e., nodes) in a network.
c The random networks were generated by rewiring all of the links of a pMEN with the identical numbers of nodes and links to the corresponding empirical pMEN.
d Signiﬁcant difference (P  0.001) between aCO2 and eCO2 values.
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A total of 5 module pairs (40%) were obtained from these two
networks (see Table S2 in the supplemental material), but the
majority of the modules (60%) could not be paired together.
These paired modules contained 37% of the total nodes in these
twonetworks.Withinthepairedmodules,only12.2%(25/205)of
thetotalnodessharedbetweenthesetwonetworkswereidentical.
These results indicated that these two networks are poorly con-
served at the modular level.
Eigengene network analysis reveals dramatic impacts of
eCO2 on the higher-order network structure. To reveal the
higher-order organization of the constructed pMENs, eigengene
network analysis (24–26) was performed. In this analysis, each
module is summarized through singular value decomposition
analysis with a single representative abundance proﬁle, which is
referred to as the module eigengene. A conceptual example of
eigengene network analysis for a module is illustrated in Fig. 2.
Eigengene network analysis comprises several key components:
(i) a heat map showing the relative abundances of individual
OTUs within a module; (ii) eigengene, showing a representation
of the abundance proﬁle; (iii) module membership, showing key
OTUs within a module; (iv) module visualization, showing the
interactions among different OTUs; and (v) a phylogenetic tree
showing relationships among the different OTUs within a mod-
ule.
Inthisstudy,themoduleeigengenesexplained35to79%ofthe
variations in relative OTU abundance across different samples
undereCO2and43to79%ofthatunderaCO2(Fig.2,moduleE9;
see the supplemental material for the others). Most of the eigen-
genes (18/25) explained more than 50% of the variations ob-
served, similar to observations from human eigengene network
analysis (33). These results suggest that
these eigengenes relatively well represent
the changes in OTUs across different
samples in individual modules.
Eigengenesfromdifferentmodulesof-
ten showed considerable correlations,
and such correlations (Pearson) were
used to deﬁne the eigengene network
(25).Therelationshipsamongeigengenes
are usually visualized by average-linkage
hierarchical analysis as a clustering den-
drogram (25). Groups of eigengenes in
this dendrogram are referred to as meta-
modules in an eigengene network, which
describes a higher-order structure of the
constructed network. In this study, the
eigengenes from many modules showed
signiﬁcantcorrelations.Atotalof4meta-
modules were clustered for both aCO2
and eCO2 networks (see Fig. S5 in the
supplemental material). However, the
eigengenes from the four paired modules
were clustered differently with other
eigengenes (Fig. S5), indicating that the
higher-order organization of the paired
moduleswasnotpreservedbetweeneCO2
and aCO2 either.
To determine the extent to which an
OTUisassociatedwithamodule,module
membership was evaluated, which is the square of the Pearson
correlation between the abundance proﬁle of a given OTU and a
given module eigengene (25). Most of the OTUs had signiﬁcant
modulemembershipswiththeirrespectivemodules(Fig.2,mod-
uleE9;seethesupplementalmaterialfortheothers).However,for
the conserved nodes, divergent patterns of module memberships
wereobservedamongthesefourpairedmodules(seeFig.S6inthe
supplemental material). While module pairs 1, 4, and 5 had sig-
niﬁcantly positive relationships (rho  0.18 to 0.39, P  0.001),
two other module pairs (pairs 2 and 3) had no correlations on
modulememberships(Fig.S6).TheseresultsindicatedthateCO2
also signiﬁcantly altered the topological positions of individual
OTUs.
Visualizationoftopologicalrolesofindividualnodesreveals
differential impacts of eCO2 on key microbial populations. To-
pologically, different OTUs (nodes) play distinct roles in the net-
work (34). The topological roles of different OTUs can be de-
scribed by two parameters. One is within-module connectivity
(Zi), which describes how well a node is connected to other nodes
within its own module. The other is connectivity among modules
(Pi),whichreﬂectshowwellanodeconnectstodifferentmodules.
According to the simpliﬁed classiﬁcation used in pollination net-
works (11), the nodes in a network are divided into the following
four subcategories: (i) peripheral nodes, which have low Z and
P values (i.e., they have only a few links and almost always to the
specieswithintheirmodules);(ii)connectors,whichhavealowZ
but a high P value (i.e., these nodes are highly linked to several
modules);(iii)modulehubs,whichhaveahighZbutalowPvalue
(i.e.,theyarehighlyconnectedtomanyspeciesintheirownmod-
ules);and(iv)networkhubs,whichhavehighZandPvalues(i.e.,
theyactasbothmodulehubsandconnectors).Fromanecological
FIG 1 Effects of eCO2 on the network interactions of Actinobacteria. (A) Network interactions of the
top10OTUsofActinobacteriawiththehighestconnectivitiesundereCO2.(B)Networkinteractionsof
the corresponding OTUs of Actinobacteria under aCO2. (C) Summary of several key parameters of
networktopology.SincemanyActinobacteriawereobserved,onlythetop10OTUsofthisgroupunder
eCO2arepresentedhere.TwooftheseOTUs(FR385andFR4675)werenotobservedunderaCO2.GD,
geodesic distance.
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® mbio.asm.org July/August 2011 Volume 2 Issue 4 e00122-11FIG 2 Conceptual example of eigengene network analysis with module E9 under eCO2. (I) Heat map of the standardized relative abundance (SRA) of OTUs
across different samples. Rows correspond to individual OTUs in the module, whereas columns are the samples. The number above each column is the
experimental plot number in the Biocon experiment. Red corresponds to the OTUs whose SRAs are 0, and green signiﬁes those whose SRAs are 0. (II) SRA
of the corresponding eigengene (y axis) across the samples (x axis). The parameter  indicates the percentage of the total variance explained by the eigengene.
(III)ModulemembershipsidentifygroupsofOTUsthatconsistentlycoexistinthesemicrobialcommunities.Only5OTUswithsignifcantmodulememberships
are shown here, where the y axis is SRAs and the x axis is individual samples. The values in parentheses are module memberships. (IV) Module visualization
showing the interactions among different OTUs within the module. Blue line, positive interactive (positive correlation); red line, negative interaction (negative
correlation). The different colors of the shading of nodes represent different phylogenetic groups. (V) Phylogenetic tree showing the relationships of the OTUs
observed in the corresponding modules. The tree was constructed by the neighbor-joining approach with 1,000 bootstrap values. Due to space limitation,
bootstrappercentagesarenotshownonthetree.ThesymbolsbeforeindividualOTUssignifydifferentfeaturesofnodesinthemodule.ThesymbolŒindicates
that the OTU exists in both aCO2 and eCO2 networks with signiﬁcant module memberships,  indicates that the OTU has signiﬁcant module membership but
isnotsharedbythecorrespondingnetworkunderaCO2,indicatesthattheOTUissharedbutwithoutsigniﬁcantmodulemembership,while indicatesthat
the OTU is not shared and has no signiﬁcant module membership. The eigengene analysis ﬁgures of all other modules under aCO2 and eCO2 and a detailed
description of each module can be downloaded through http://ieg.ou.edu/4download/.
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ule hubs and connectors are similar to generalists. Network hubs
are supergeneralists (11).
The topological roles of the OTUs identiﬁed in these two net-
works are shown as a Z-P plot in Fig. 3. The majority (97.5%) of
the OTUs were peripherals with most of their links inside their
modules. Among these peripherals, 89% even had no links at all
outsidetheirownmodules(i.e.,Pi0).About2.5%oftheOTUs
weregeneralists,including1.6%thatweremodulehubsand0.9%
that were connectors. However, no network hubs (supergeneral-
ists)wereobservedinthesetwonetworks.Two(OTUsFR765and
FR1506) of the nine module hubs under eCO2 belonged to Acti-
nobacteria (Fig. 3) that are closely related to Ferrithrix thermotol-
erans and Ilumatobacter ﬂuminis, respectively. Two module hubs
(OTUsR2577andF2923)couldbeassignedtoBacteroidetes,while
the others belonged to different major taxa (i.e., Alpha-,and Beta-
proteobacteria, Firmicutes, Chloroﬂexi, and Acidobacteria). All
module hubs were from different modules and had signiﬁcant
module memberships with their respective module eigengenes.
Interestingly, four of the ﬁve connector OTUs (FR383, FR11588,
FR106, and FR125) were Actinobacteria that are closely related to
Streptosporangium roseum, Ferrithrix thermotolerans, Friedmann-
iellalacustris,andRubrobactersp.,respectively.Theotherconnec-
tor(OTUR2156)wasderivedfromAcidobacteriaclosetoEdapho-
bacter modestus. In addition, for the shared OTUs, no signiﬁcant
relationships were observed for Z values (r  0.06, P  0.44)
under eCO2 and aCO2. These results also suggested that eCO2
greatly altered the network structure and topological roles of in-
dividual OTUs and key microbial populations.
Association of network structure with environmental char-
acteristics. Similar to our previous network study based on
GeoChip hybridization data (18), the relationships between mi-
crobial network interactions and soil properties were established
withManteltests.Weusedthetrait-basedOTUsigniﬁcancemea-
sure (24), which is referred to as the square of the correlation
between the signal intensity of an OTU and each soil variable, to
determine a common subgroup of soil properties important to
network interactions. Under eCO2, very strong correlations were
observed between the connectivity and the OTU signiﬁcance of
the selected soil variables based on all detected OTUs (P  0.001)
orseveralphylogeneticgroupssuchasActinobacteria(P0.001),
Bacteroidetes (P  0.012), Alphaproteobacteria (P  0.001), and
Betaproteobacteria (P  0.044) under eCO2 (see Table S3 in the
supplemental material). Under aCO2, the connectivities of Acti-
nobacteria (P  0.05) were also signiﬁcantly correlated with the
OTU signiﬁcance of the selected soil variables. All of the results
together suggested that the network interactions among different
phylogenetic groups/populations were dramatically shifted by
eCO2 and that such changes in network interactions are signiﬁ-
cantly related to soil properties.
DISCUSSION
Metagenomics is a rapidly developing emerging scientiﬁc ﬁeld
which generates tremendous amounts of experimental data via
high-throughput sequencing technologies. However, it comes
withthetwo-partchallengeofhowtohandlethesevastquantities
of data and how to use such information to further address bio-
logical questions, aiming to understand community level func-
tionalprocesses.Inthisstudy,wedescribeanovelframeworkand
approach for discerning network interactions using high-
throughput sequencing-based metagenomic data. The approach
developed would allow microbiologists to address research ques-
tions (network interactions) which could not be approached pre-
viously and thus should represent a research paradigm shift in
metagenomic analysis.
In this study, the pairwise correlations of relative OTU abun-
danceacrossdifferentsampleswereusedtodelineateanadjacency
matrix for network construction. Based on this adjacency matrix,
anetworkgraphwasconstructedtorepresentpositiveornegative
interactions among different OTUs. Thus, a network connection
between two OTUs in fact describes the co-occurrence of these
twoOTUsacrossdifferentsamplesbutnotnecessarilytheirphys-
icalinteractions.Inotherwords,bothOTUsmightberesponding
to a common environmental parameter rather than interacting
directly.
Compared to other Pearson correlation-based relevance net-
work approaches (35–37), the network approach described here
hasseveraladvantages(18,38).First,thisapproachwasdeveloped
based on the two universal laws of RMT, and thus, it should be
suitable for various biological systems (e.g., cells, populations,
communities,andecosystems).Theoretically,theresultsobtained
withanRMTapproachshouldbemorerobustandconsistentand
should more accurately reﬂect the nature of the complex systems
under study. Second, the majority of relevance network analysis
methods deﬁne the adjacency matrix for network construction
usingarbitrarythresholdsbasedonknownbiologicalinformation
(28, 35–37, 39). As a result, the networks obtained vary with the
thresholdsselected.However,itisagreatchallengeinselectingan
appropriate threshold for network construction, especially for
poorlystudiedorganismsand/ormicrobialcommunities.Incon-
trast, the novel RMT-based approach developed here automati-
FIG 3 Z-P plot showing the distribution of OTUs based on their topological
roles. Each symbol represents an OTU under eCO2 (red) or aCO2 (blue). The
topological role of each OTU was determined according to the scatter plot of
within-module connectivity (Zi) and among-module connectivity (Pi) (11,
34). The module hubs and connectors are labeled with OTU numbers. In
parentheses are the module number, module membership, and phylogenetic
associations.
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ambiguity exists for the networks constructed. Moreover, RMT is
useful in removing noise from nonrandom, system-speciﬁc fea-
tures, and hence the networks identiﬁed should be more accurate
and reliable (18, 38). This is particularly important for dealing
with high-throughput metagenomic data because such data gen-
erally have an inherently high noise level.
TheidentiﬁcationandcharacterizationofOTUco-occurrence
modules represent a new approach for detecting the interactions
of microbial populations in a community. Based on the oft-
invoked principle of guilt by association (26), the abundance
changes in the microbial populations with strong module mem-
berships are probably driven by the same underlying factors.
Thus, it is reasonable to hypothesize that the microbial popula-
tions with strong module memberships are physically and/or
functionally associated in a microbial community. This hypothe-
sis has important implications not only for our understanding of
the interactions and ecological functions of the known cultivated
microorganisms but also for predicting the potential ecological
roles of as-yet-uncultivated microorganisms. As shown in this
study, the modularity, module memberships, topological roles,
interactionpatterns(positive,zero,ornegative),andphylogenetic
relationships of individual OTUs are rich sources of new hypoth-
eses for identifying key microbial populations and for under-
standing their interactions and ecological roles in grassland mi-
crobial communities.
Identiﬁcationofkeystonepopulationsisacriticalissueinecol-
ogy, but it is very difﬁcult to achieve, especially in microbial com-
munities given their extreme complexity, high diversity, and un-
cultivated status. As demonstrated in this study, key populations
could be identiﬁed based on network topology, module member-
ships, and/or their relationships to ecosystem functional traits.
The conceptual framework developed in this study could provide
importantinformationoncandidategenes/populationsmostim-
portant to certain ecosystem processes and functioning. This
could be particularly important in ecosystem modeling studies in
whichmicrobialcommunitystructuremustbeappropriatelysim-
pliﬁed prior to their incorporation into ecosystem models.
KnowledgeoftheresponsesofbiologicalcommunitiestoeCO2
and their mechanisms is critical for projecting future climate
change(6,8).Inthisstudy,wedemonstratedtheimpactsofeCO2
onthenetworkinteractionsamongdifferentphylogeneticgroups/
populations based high-throughput metagenomic sequencing
data and the relationships between network structure and soil
properties. It is obvious that the network interactions among dif-
ferent microbial phylogenetic groups/populations are greatly af-
fected by eCO2 in this grassland ecosystem. These results are con-
sistentwithourpreviousstudyoffMENs(18)andotherstudiesof
macroecology (40). To the best of our knowledge, this is the ﬁrst
study to document the changes in network interactions among
different phylogenetic groups/populations of microbial commu-
nities in response to eCO2.
The relationship between biodiversity and ecosystem func-
tioning has emerged as a central issue in ecological and environ-
mental sciences (41–47) and is one of the great challenges of the
21st century’s sciences (48). Traditionally, almost all biodiversity
studies in microbial ecology consider just species richness and
abundance and ignore the interactions among different microor-
ganisms. However, network interactions could be more impor-
tant to ecosystem processes and functions than species diversity
(parts list). In this study, we developed a novel conceptual frame-
work for determining network interactions among different phy-
logeneticgroups/populationsinmicrobialcommunitiesbasedon
high-throughput metagenomic sequencing data. This novel
framework will allow microbial ecologists to examine research
issues beyond microbial species richness and abundance. The de-
veloped pMEN framework and information on the responses of
networkstructuretoeCO2shouldhaveaprofoundimpactonthe
study of biodiversity, ecosystem ecology, systems microbiology,
and climate change.
MATERIALS AND METHODS
In this study, 24 soil samples used for network analysis of micro-
bial communities were collected from the Biocon (biodiversity,
CO2, and N) experimental site located at the Cedar Creek Ecosys-
temScienceReserveinMinnesota(45°N,93°W).Ofthese24sam-
ples, 12 were from aCO2 replicate plots and 12 were from eCO2
replicate plots. All of the plots contained 16 species without addi-
tional N supply. The soil samples were collected in July 2007, and
each sample was a composite of ﬁve soil cores from depths of 0 to
15 cm (10).
Two MENs were constructed with the following steps. First,
the experimental data used for constructing pMENs were gener-
ated by pyrosequencing of 16S rRNA genes (10). Since the se-
quencenumbersofindividualOTUsobtainedvariedsigniﬁcantly
among different samples, the relative proportions of sequence
numbers were used for subsequent Pearson correlation analysis.
Second, a similarity matrix was obtained by taking the absolute
values of the correlation matrix. This similarity matrix measures
the degree of concordance between the abundance proﬁles of in-
dividual OTUs across different samples. Third, an appropriate
threshold for deﬁning network structure, st, is deﬁned using the
RMT-based network approach (38, 49) to obtain an adjacency
matrix, which encodes the strength of the connection between
eachpairofnodes.Fourth,thesubmoduleswithinalargemodule
were detected by fast greedy modularity optimization (32). In ad-
dition,fornetworkcomparison,randomnetworkscorresponding
to all pMENs were generated using the Maslov-Sneppen proce-
dure (50) and keeping the numbers of nodes and links constant
butrewiringallofthelinks’positionsinthepMENs.AstandardZ
or t test was employed to determine the signiﬁcance of network
indexes between the pMENs and random networks and across
differentexperimentalconditions.Finally,sampletrait-basedsig-
niﬁcance (24) was deﬁned and a Mantel test was used to examine
the relationships between the trait-based gene signiﬁcance and
soil variables for understanding the importance of network inter-
actions in ecosystem functioning. More detailed information
abouttheMaterialsandMethodsusedinthisstudyisprovidedin
the supplemental material.
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